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Abstract
Trading on the JSE Bond Market is still done in an archaic fashion when compared
to the highly digitalised trading done within the equities markets in South Africa,
indicating there is less market efficiency within bond trading. Technical analy-
sis relies on market inefficiencies to achieve an informational advantage and so
there could be technical analysis based trading opportunities within bond trading.
Bollinger Bands are one of the more prominent technical analysis methods. In this
dissertation they are used in trading simulations to generate buy and sell signals
in order to test if there is any value-add in their implementation. The dissertation
attempts improve Bollinger Band based trading in two ways. The first involves at-
tempts to more accurately estimate the underlying distribution of the time series,
that is assumed to be normal in the standard methodology. It is shown that no
additional benefit is derived from the alternative distribution estimation methods.
Bollinger Bands make an assumption of stationarity on the time series on which
they are implimented and so the second attempt at improved accuracy addresses
this notion. Cointegration is used to generate linear combinations of bonds that are
stationary, leading to more accurate application of the Bollinger Bands. The station-
ary combination of bonds produces positive results from the trading simulations,
primarily within the combinations that are generated from a linear combination
of less bonds and that posses larger variation. Not considering the liquidity as-
sumtions, the positive results show that there is value-add within specific technical
analysis based trading strategies.
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The topic of this dissertation was proposed and supervised by an industry profes-
sional and, as a result, the approach and contents are more practical than theoreti-
cal in nature. The topics of Bollinger Bands and cointegration within the JSE Bond
Market are explored.
The two ideas are often referred to within the field of technical analysis, which
makes use of statistical techniques in an attempt to grant a practitioner an informa-
tional advantage as to the future movements of certain financial instruments. The
advantage will hopefully allow him to beat the market and make a profit over and
above other low risk investments.
It is harder to achieve and informational advantage in more efficient markets as
information disseminates between participants more effectively. South Africa’s eq-
uity market has seen massive growth in the volume of trades year on year (Jse.co.za,
2016b) indicating the market is becoming more efficient. The technically based
trader is left with less opportunities within the equities market thus increasing the
incentive to look into other markets to apply his/her techniques.
One of the potential markets is the JSE Bond Market. Unlike the JSE Equity
Market, studies on its efficiency are few and far between as High and Honikman
(1995) state in their study of capital markets. It, together with the study by Liu
(2013), conclude that the South African bond market is likely to posses weak form
market efficiency and hence there should be no value-add found in technical anal-
ysis based trading strategies. The more recognised work of High and Honikman
is however, very dated and neither sources are widely referenced. The mentioned
limitations detract from their suggestions that no value-add can be achieved.
An encouraging factor is the manner in which instruments are traded within
the bond market. It is relatively archaic when compared to the digitalised and on
screen trading that is the norm within equities markets in South Africa. For market
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participnts to buy and sell bonds they would usually have to pick up the telephone
and call a fellow market participant. This lack of technological advancement in the
bond trading channels indicates inefficiencies exist as shown by Kwon and Kish
(2002) in their study on market efficiency on the New York Stock Exchange. The
implementation of new systems will inevitably change this in future, heightening
the urgency of capitalising on potential opportunities technical analysis offers.
The techniques used in technical analysis make bold assumptions about certain
price processes to justify their use. One of the stronger assumptions made is that
certain time series are stationary. An example of this is in the famed Bollinger
Bands, which Polakow (2010) critiques on their statistical inaccuracy and suggests
improvements to their construction.
In this dissertation the performance of Bollinger Bands and cointegration based
trading strategies are examined and it is show that better results are achieved by
being more accurate and relaxing some of the assumptions involved in their imple-
mentation.
1.2 Aims
The topic of the dissertation is broad and so to provide greater clarity, the main
aims of the dissertation are summarised below:
1. Investigate the level of value-add within the technical analysis fields of Bollinger
Bands and cointegration within the JSE Bond Market.
2. Quantify the performance of trading strategies that use the methods and iso-
late the best performers.
3. Investigate if greater value-add is achieved by being more mathematically
accurate and making less assumptions within their application.
With the primary aims articulated above, the structure by which the the prob-
lem is tackled can now be described.
1.3 Structure
The dissertation begins with a brief description of the data set used throughout the
study. Details on the instruments and the justification of their use is then presented.
The price series, named the corrected all-in price (CAIP), is generated from histor-
ical bond yields and is introduced as the primary historical time series for testing
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the trading strategies. Some of the subtleties, limitations and slight data alterations
are also highlighted.
With the data set better understood some of the theory involved within the dis-
sertation is presented. First the theory behind the Bolliger Bands and some adap-
tations to their construction is examined. Some aspects of cointegration are then
looked into, as these ideas are used in generating the cointegrated time series that
the relative trading strategies make use of.
The methodology behind the testing of the trading strategies is then described.
Methodologies vary between absolute trading strategies (trading of one bond at a
time) and relative trading strategies (trading of multiple bonds at the same time).
The differences are explained to facilitate greater understanding of the results. The
three primary metrics of performance; average excess returns, standard deviation
of excess returns and average trades per year are then described.
The results that each of the trading strategies achieves within the performance
metrics are graphically presented and used to determine their relative performances.
First the poor results, achieved by the absolute trading strategies, are discussed and
it is show that the different methods of Bollinger Band construction offer little in the
way of improved performance. The results of the cointegration analysis are then
presented, showing a high degree of cointegration within the data set. Positive rel-
ative trading results, which involve trading in linear cointegrated combinations of
the 10 bonds, show the significance of relaxing the stationarity assumption.
The dissertation concludes by highlighting the areas in which value-add is achieved,
namely within the relative trading strategies using cointegration to determine the
combinations of bonds. It is shown that higher variation historical price series,
made up of a combination of fewer bonds, produce the best results and suffer the
least from liquidity and trading cost assumptions and thus offer the best potential
trading opportunities. In implementing Bollinger Bands more accurately, by apply-
ing them to stationary linear combinations of cointegrated time series, it is shown
that better results are achieved.
With the structure of the dissertation now better understood some aspects of
the data used are presented.
Chapter 2
Data
In this chapter the data used within the dissertation is examined, all of which is
obtained from Bloomberg. The chapter aims to better prepare the reader in under-
standing the relevance and limitations of the results to come.
What follows is a brief description of the instruments, creation of the corrected
all-in price and the justification for its use. The chapter concludes with a description
of the slight data alterations made to the data set.
2.1 The Instruments
The instruments that are the subject of this dissertation are the top ten liquidly
traded South African government bonds within the JSE Bond Market. A complete
list of the bonds appears in the key of Figure 2.1.
The selection of the bonds is based on their liquidity. Government bonds ac-
count for 90% of the liquidity in the JSE Bond Market (Jse.co.za, 2016a) and prof-
iting off technical analysis requires adequate levels of liquidity. Multiple trading
simulations are run, which involve many instances of buying and selling, so it is
important that in reality the bonds are easily traded. Using the liquid bonds ensures
the validity of the findings is not too severely compromised due to the liquidity as-
sumptions that are made.
The technical analysis methods this dissertation is concerned with are more
prominent within the equities trading space and so it is important to understand
some of the basic differences between bonds and stocks before the analysis starts.
The bonds all pay a fixed coupon twice a year and the price of the bond is
determined by the JSE-Bond Pricing formula, which backs out a price from a yield
together with other fixed, bond specific variables. The nature of the instruments
leads to their all-in price ceasing to fluctuate and liquidity significantly dry up as
the bond approaches maturity where a fixed pay-off is guaranteed. No bond data
close to maturity is used within the trading simulations to avoid these problems.
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Bonds in South Africa trade on yield, with prices being quoted as spreads over
the benchmark government bond, the R186. It could appear that the yield is thus
the best time series to apply the technical analysis based trading rules to however,
the corrected all-in price is preferred as the following section explains.
2.2 Corrected All-In Price Verse Yield as an Indicator
The reason the bonds yields are not used directly for the trading rules is that changes
in the yield do not linearly translate into changes in the monetary value of the
traded instruments. Traders ultimately care most about the monetary change and
so any trading rule should seek to base its buy or sell signals around a monetary
change and not a change in yield.
If one examines the non-linear relationship between all-in price and bond yields,
this is easily understood. It is clear that the monetary change associated with a
change in yield is a function of the initial value of the yield and hence less favourable
trade signals could be presented should changes in yield be used as the basis of
making trading decisions.
Another point that corroborates this sentiment is that the technical analysis
methods this dissertation is concerned with are more prominent in equities trad-
ing which uses the share price as the indicator for trading decisions. A share price
represents a direct monetary value and thus changes in it are what an actual in-
vestor cares most about.
The aforementioned points justify the construction of the historical corrected
all-in price time series for the 10 bonds in question, and its use within the trading
simulations to come.
2.3 The Back Testing Dataset
From the time series of historical yields a theoretical historical corrected all-in price
time series is constructed, with the assumption that coupon payments are re-invested
into the bonds. The new time series is named the ”corrected all-in price (CAIP)”
and is the price series used in the trading simulations to produce the results within
the dissertation. The re-investment of coupons leads to the upward trend of the
time series, as seen in Figure 2.1 and the large discrepancy between prices at sim-
ilar times. Results are unaffected by this as they are calculated on a returns basis.
The relative changes in the CAIP during a specific trade’s life is what determines
the performance of a specific trade.
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Fig. 2.1: Historical time series of the corrected all-in price for the 10 bonds
An attribute of the dataset Figure 2.1 makes apparent is the different time peri-
ods the data for each specific bond spans, due to their different issue dates. In the
trading simulation results this has sample size implication as described in greater
detail when the results are presented.
The final part of the data set used is a collection of historical yield curves. Dis-
counting and capitalising within the trading simulations is done using this data.
Where maturities do not line up, direct linear interpolation is used to obtain an
approximate rate for discounting or capitalising.
2.4 Slight Data Alterations
To achieve accurate results, the data from the 10 bonds has to be consistent before
testing starts. If trading strategies are to be run with combinations of many bonds,
as is done in the relative trading simulations, there has to be a price for each bond
at each potential trade date or certain trades on problematic days would lead to
errors in the trading model. For this reason slight alterations are required in many
of the historical price series.
The methodology behind the changes revolves around keeping the dates con-
sistent with the benchmark bond, the R186, due to it being the most actively traded
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bond in the set of instruments (Pitsillis and Taylor, 2015). In the case that a day
of data is missing a simple linear interpolation is used to approximate a value for
the yield of the bond using the two adjacent days. In the case where the R186 has
a day of data missing, the corresponding data points are removed from the other
instruments.
The changes are performed on very few discrete dates, for each time series of
CAIPs and so the structure of the data is not notably compromised. The outcome
being a set of completely time consistent traded CAIPs for all ten bonds in ques-
tion, allowing the testing of trading strategies to proceed with less potential of data
based errors.
For some of the bonds initial trade data from the date of issuance is sparse, lead-
ing to data only being taken from a later date when more frequent data is present.
By doing this extensively interpolated data is avoided, leaving less room for inac-
curacy in results.
Having described the data in more detail, focus is now moved to some of the
theory involved in the implementation of the trading strategies.
Chapter 3
Theory
Important aspects of the theory involved in the technical analysis used in the dis-
sertation are looked at in further detail within this chapter.
The section starts with a brief overview of how Bollinger Bands work. Two
different methods of their construction are then examined, before concluding with
some theory behind cointegration.
3.1 Bollinger Bands
Fig. 3.1: An example of Bollinger Bands plotted around the corrected all-in price of
the R186 bond.
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Standard Bollinger Bands are constructed by taking a fixed number of the pre-
vious values of the times series to generate a probability distribution of the next
value, the normal distribution in the case of Bollinger Bands. The distribution is
used to determine upper and lower confidence bound for the following value in the
time series, based on a specific confidence level. As the series progresses forward
through time the rolling sample that is used to construct the distribution changes
and thus so do the values of our upper and lower bound that tend to follow, and
for the most part, envelope the actual price series from which the sample came.
An example of this is presented in Figure 3.1 where Bollinger Bands are plotted
together with the 20 period running mean around the R186 benchmark government
bond. Different shades of blue represent Bollinger Bands constructed using various
confidence bounds.
Crossing the bands serves to inform a trader of large unexpected moves in the
price series that should indicate that the current level is too high or too low and
that it should return to normal levels in the short term future. The crossings would
be either a buy or a sell signal in the context of this dissertation.
The bands are constructed at various confidence bounds depending on risk
preference. Figure 3.1 shows 4 of these confidence bounds. A larger confidence
bound means that fewer trades are entered into, at levels that are further away
from the running mean. The reason for this, as Figure 3.1 shows, is that the larger
the confidence bounds the less times the indicator is expected to breach the bands
and trigger a buy or sell signal.
Many assumptions are made when implementing Bollinger Bands. Two of the
more notably incorrect ones are the assumptions on the distribution of the time
series and the assumption that the time series is stationary. The dissertation looks
to improve upon upon these two assumptions in order to increase the performance
of the Bollinger Band based trading strategies.
Despite the large assumptions, Bollinger Bands still enjoy a large amount of use
in industry. The following sections explore the standard method of determining
the distribution of the price series, before looking at some of the theory around
potential improvements to the distribution estimation.
3.2 Standard Method
The first, and standard method of constructing the Bollinger Bands tested is that
developed by Bollinger (1992) in which it is assumed that the time series is station-
ary and sampled from a normal distribution. The method constructs bands based
around the price series by constantly using a fixed number of previous values of the
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time series to estimate the mean and variance of the assumed normal distribution.
The results of this are then used to plot confidence bounds around the running
mean of the time series. Breaches in either the upper or lower bands indicate an
unexpected move and generate a trade signal.
3.3 Empirical Distribution Method
In this method of constructing the Bollinger Bands an empirical distribution is gen-
erated from a constant running number of previous values in the time series. The
empirical distribution is used instead of the normal distribution used within the
standard Bollinger Bands construction. The resultant new distribution is used to
construct confidence intervals around the time series, similarly to the method de-
scribed in the previous section.
The Matlab function ”ecdf” is used, which takes as an input, the vector of histor-
ical price realisations, xt, xt−1, ..., xt−n. The assumptions that all the realisations are
equally probable is made and the points used to generate an empirical cumulative
distribution function, P (z). It is this distribution that is then used to determine and
plot the respective upper and lower bands at each point in time, for the specified
confidence interval.
3.4 Kernel Soothing Method
The primary aim of kernel fitting methods is to construct a smooth curve from a
sample of values from a random variable that best approximates the probability
density function. The smooth approximation is then used instead of the normal
distribution from the standard Bollinger Band methodology.
The method makes use of the Matlab function ”ksdensity”. The inputs to this
function at time t are a set of previous values of the time series, xt, xt−1, ..., xt−n
where n is the length of the running sample.
As is shown by Alexander (2008b),the kernel approximation to the density of a









Here K and h are the kernel function and the bandwidth respectively. In the
dissertation and within the Matlab function the kernel function is a normal density
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function and hence a Gaussian kernel is being used. The bandwidth, h , is cho-
sen such that it minimises the errors between the empirical and and newly fitted
densities.
3.5 Cointegration
Cointegration is concerned with finding combinations of time series that, when
combinated linearly in specific proportions, result in a net time series that is sta-
tionary. Generally there is some form of common trend within the data that is
removed though the weightings of the comprising time series. Cointegration is
different from correlation in that cointegration suggests long term asset prices are
unlikely to diverge. Correlation is concerned with short term movements in one
indicating an immediate movement in the other (Chan, 2009).
Stationarity of the price time series is an assumption the Bollinger Bands con-
struction procedures assumes in order for the statistical inferences made about the
distributions to hold. It is a desirable attribute to posses when considering candi-
dates for the Bollinger Band based trading as it would lead to more accuracy within
the method. It is for this reason that, when considering relative trading, the metric
for determining the weightings of the various assets is their level of cointegration.
If cointegration is present then a net stationary price series is theoretically achiev-
able.
When dealing with multiple assets there could exist levels of cointegration among
certain combinations of them. The challenge is finding the weighting factor, if any,
that lead to this desirable property.
There are two predominant methods for determining the factors and testing for
cointegrated relations. The method outlined by Engle et al. (1993) and the other
by Johansen and Juselius (1990). The EngleGranger methodology is more suited
to pairs of cointegrated variables as when dealing with 3 or more time series the
factors found do not necessarily correspond to the combination that is most sta-
tionary. In contrast, the Johansen methodology seeks to find the most stationary
combination given multiple cointegrated variables. Seeing as the dissertation deals
with combinations of up to 10 bonds, Johansen’s methodology is superior.
An Overview of the method followed by the Johansen test is presented below,
closly following the description outlined by Alexander (2008a).
It starts by considering a set of n integrated variables X1, ..., Xn. In the context
of the dissertation these will be the corrected all-in prices of the 10 bonds. The data
can be represented in vector autoregressive representation form as follows:
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X1t = α1 + β11X1,t−1 + ...+ β1nXn,t−1 + ε1t
...
Xnt = α1 + βn1X1,t−1 + ...+ βnnXn,t−1 + εnt
Defining the following matrices the above system of equations is expressed in











 , B =





βn1 · · · βnn






Xt = α+BXt−1 + ε (3.2)
Expressing this in the form of 1 period changes in Xt and defining the new
variable Π , where I represents the n ∗ n identity matrix results in the following:
Π = B − I
∆Xt = α+BXt−1 −Xt−1 + εt
∆Xt = α+ ΠXt−1 + εt (3.3)
The next step is to augment the above equation with sufficient lagged depen-
dant variables so at to allow the residuals to be free of auto correlation.
∆Xt = α+ ΠXt−1 + Γ1∆Xt−1 + ....Γq∆Xt−q + εt (3.4)
It now follows that ΠXt−1 is stationary due to the fact that each of the vari-
ables X1, ..., Xn is integrated and hence each equation in the above set of equations
has a stationary dependant variable. The result is that the right hand side of the
equations must also be stationary.
The next step in the procedure is to test the rank of matrix Π as if the rank is
0, no insight into the relationships between X1, ..., Xn is gained. If on the other
hand the rank is r > 0 then there will be r independent linear relations that will be
stationary, implying cointegration is present.
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If it is found that the matrix Π has rank r then it can be expressed in row reduced
Echelon form as follows, where there will be r non zero rows.
Π =

1 θ12 · · · · · · θ1n
0 1 θ23 · · · θ2n






0 0 0 0 0

(3.5)
Each non zero row now defines a co-integrating relation by containing the co-
efficients of the stationary processes as follows.
Z1 = X1 + θ12X2 + ...+ θ1nXn
Z2 = X2 + θ23X2 + ...+ θ2nXn
...
The dissertation is concerned with the result if it returns a cointegrating relation
containing all of the fed in components as all possible combinations are tested one
by one and if one of the factors is zero then the result represents a different unique
combination. In the above system of equations this is denoted as Z1 and as it can be
seen to be comprised of a linear combination of all the input componentsX1, ..., Xn.
For greater clarity an example is presented below in Figure 3.2 where the re-
sultant time series is plotted along with the three bonds used to generate the net
stationary time series. The figure uses different y-axes for the combination and sin-
gle time series and shows the general upward trend of the individual bonds has
been removed within the cointegrated combination of them.
The equation and factors used to generate the stationary linear combination are
presented in equation 3.6 where X1, X2 and X3 represent the historical corrected
all-in prices of the R209, R213 and R214 bonds respectively.
Z = −2.89X1 + 2.07X2 + 1.32X3 (3.6)
An important aspect of the cointegrated series, when compared to the single
bond series, is the differences in their relative changes. As a percentage of its ini-
tial value, the change in the conintegrated time series value is far greater than the
changes in the single bond time series. As a result of this it is expected that the stan-
dard deviations of the returns on trades executed on the cointegrated series will be
much larger than those executed on the individual bond price series.
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Fig. 3.2: An example of the resultant cointegrated linear combination of bonds.
In the results section the difference in the relative changes is apparent in many
of the generated cointegrated combinations as it is the reason the standard devia-
tion risk metrics see significant increases when dealing with cointegrated series.
With a better understanding of the theory at hand the dissertation progresses
onto the methodology section.
Chapter 4
Methodology
The methodology undertaken to produce the results of the dissertation is described
in this chapter. An overview of the 4 main steps in the testing procedure are first
unpacked. The section then leads into the results chapter by defining the three
performance metrics, displayed in the results section, and briefly summarising the
testing methodology.
The path followed to generate the performance metrics for absolute and relative
trading strategies differs in a few key areas, as is explained at a later stage.
4.1 Testing Methodology
The four main steps required to generate the 3 performance metrics, necessary to
assess the value-add in the methods considered, are outlined below.
4.1.1 Indicator Selection
The indicators serve as the base time series around which the Bollinger Band trad-
ing simulations are run. Different indicators are used for absolute trading and rel-
ative trading strategies.
Absolute Trading Indicators
For the absolute trading simulations the corrected all-in price for the individual
bonds is the indicator series and used to test the trading strategies on the bonds
one by one. This corresponds to trading in one of the considered bonds at a time,
and thus participating in an absolute trading strategy.
Relative Trading Indicators
The relative trading indicators are chosen through their cointegration properties.
This involves trading in long and short positions of multiple bonds at the same
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time and is thus termed relative trading.
The cointegration analysis finds only 1 set of factors (associated with the most
stationary linear combination) for each unique combination of bonds so the testing
is confined to this combination when running trading simulations. One unique
possible net price series for each unique combination is thus tested.
The results are grouped into categories depending on how many bonds are used
in the linear combination. Using formula 4.1 below the number of possible results
are obtained and listed in Table 4.1 below.









Tab. 4.1: Table containing the number of possible unique combinations
Number of containing bonds (k) 2 3 4 5 6 7 8 9 10
Number of unique combinations 45 120 210 252 210 120 45 10 1
Table 4.1 shows that the number of possible combinations for each value of k
(number of unique component bonds in the linear combination ) vary significantly
and thus it may seem unwise to group the results in this way.
The above opinion is false as the dissertation seeks to produce realistic results,
and the liquidity assumptions and trading costs associated with trading in a combi-
nation of 2 bonds is very different form those pertaining to trading in a combination
of 9 bonds. For this reason it is pragmatic to group series with common values of k
together as they are more likely to share the aforementioned costs and limitations.
Large liquidity and trading cost assumptions in the higher number of component
bond categories distorting the more realistic assumptions in the lower categories is
hence avoided.
The matlab function ”nchoosek” is used to output all the possible unique com-
binations of the bonds in the 9 categories. Price series associated with these com-
binations are then tested using the Matlab function ”jcitest” to determine in which
combinations cointegration is present. Bond combinations that pass the test for
cointegration are used in back testing relative trading strategies, further explained
in the back testing section of this chapter.
4.1.2 Trading Band Construction
The methodology behind the Bollinger Band construction is now looked into.
4.1 Testing Methodology 17
The theory behind the bands construction is found in the theory chapter. The
ideas from that chapter are used to generate symmetric (around the running mean)
trading bands for a range of confidence bounds from 65% up to 95% in intervals of
2.5% for each tested indicator. Three unique time series bands are the result of this.
The upper, lower and running mean bands associated with the upper confidence
bound, lower confidence bound and the running mean respectively. All of these
being computed using the running sample of the nearest 20 adjacent historical time
values as this is the recommended look-back length (BCM, 2016).
The crossing of the bands defines buy and sell signals for the trading strategies
to be used within the back testing simulations.
4.1.3 Back Testing the Trading Strategies
In the dissertation the theoretical trader is confined to two actions. He/she may
either buy or sell an asset, with short selling permitted, triggered by the indicator
time series crossing one of the constructed Bollinger Bands.
Fig. 4.1: An example of historical Bollinger Bands plotted at the 85% confidence
bounds together with the moving average.
The two types of trades this leads to are explained with the aid of Figure 4.1. In
the long only trading strategies the long position in the price series in entered into
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when the bottom band is crossed as opposed to the short only trading strategy, that
is entered into when the upper band is crossed. In both cases the position is closed
out when the time series crosses the moving average, indicating a return to normal
price levels.
Back testing is a vital stage in the dissertation as it directly produces the results
from which the conclusions are made. For this reason a large amount of time is
spent testing and coding up the back testing framework so as to achieve reliable
results.
The back testing methodology for the absolute and relative trading strategies
are similar but there are distinct differences.
Absolute Trading Back Testing
Testing for the absolute trading strategies is fairly straight forward. The trading
rules are applied and the simulations run over the entire data set for all bonds to
achieve a final set of time indexed excess returns on all executed trades. The results
of this are used to compute the three metrics by which we evaluate the performance
of the trading strategy.
Relative Trading Back Testing
The relative trading strategies back testing methodology is a little more compli-
cated as the actual historical time series is used to generate the factors that are used
to produce the linear combinations.
When discovering cointegrating relations it makes sense to use the entire length
of the time series concerned but when back testing this would lead to unrealistic
results. To find the factors requires a certain length of the time series and as a
trader one would not have access to values in the time series at future times. For
this reason, to find these factors the historical time series is divided into half and
the first half (further back in time) used to compute the factors for each bond in the
combination and the remaining half used to then back test the trading strategy. The
dividing of the time series into two keeps the testing strategy in line with what is
achievable in reality.
Once the time indexed trade results of the relevant sections of the linear com-
binations have been produced by the trading simulation performance metrics are
output.
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4.1.4 Evaluate Performance
In evaluating the value-add of the trading strategies their performance is quantified
in the form of a series of performance metrics. The three metrics are defined below.
1. Average Excess Returns
The mean of the returns generated by the discounted or capitalised cash flows,
from the profit and loss simulation, is named the average excess returns. It is
the first of the three performance metrics.
Long term average returns over the risk free rate are captured, in a standard-
ised and comparable fashion within this metric. Any potential fund manager
or trader would value this sort of metric as it gives an indication of the long
term performance of the strategy.
Problems arise when traditional formula are used to compute returns within
the results, as the dissertation contains short strategies as well as strategies
involving time series that start positive and breach zero, to end up negative
through the linear combinations of short and long positions in the cointe-
grated historical price series. For this reason a new modified returns metric is
defined.
The price of the asset, or linear combination of assets, is defined at t0 and t1
as Z0 and Z1 respectively. In the case where the trading strategy involves a
cointegrated linear combination of assets these will represent the the net price
of this linear combination of both positively and negativity weighted assets.
The variables Z0 and Z1 can thus be negative or positive.
The discount factor associated with the risk free rate, applicable over the pe-
riod from t0 to t1, we denote D0,1. For the purpose of this dissertation D0,1 is
derived from historical Jibar yield curves as described in the data chapter.
Two portfolios are used in the argument to generate the metric of returns over
the risk free rate. An active portfolio and a standard risk free bank account
portfolio.
The risk free portfolio consists of only a bank account which is denoted B0
and B1 at times t0 and t1 as respectively.
The risky portfolio P also contains a bank account component, B̂, as well as
positions in the risky assets.
The argument starts with |Z0| in the risk free bank account portfolio which is
capitalised to time t1 at the risk free rate.




The active portfolio for the long trading strategies also starts with |Z0| in the
bank account and then takes a long position in Z0 (can have negative value).
The remainder is then stored in the bank account (not the same bank account
as the passive risk free portfolio). The bank account component of the active
portfolio thus has the following value at t0.
B̂0 = (|Z0| − Z0)





Where what is in the bank is capitalised by the by the risk free capitalisation
factor. The final value of the active portfolio is divided by the final value of
the risk-less portfolio and subtracted by 1 to achieve a measure of returns
over the risk free rate for long trading strategies, Rl suitable for a price series





(|Z0| − Z0)/D0,1 + Z1
|Z0|/D0,1
(4.2)
A similar argument is used to achieve the equivalent result for short trading
strategies seen below.
Rs =
(|Z0|+ Z0)/D0,1 − Z1
|Z0|/D0,1
(4.3)
The metrics above measure the returns for one instance of the trading strat-
egy. The complete set of results are averaged over the life of the trading strat-
egy to achieve a measure of average excess returns over the risk free rate.
The metric is malleable enough to be applied to all the historical price se-
ries that are dealt with in this dissertation as well as quantifying a measure
of value-add in the sense that it gives a measure of the performance for the
trading efforts verse a zero effort strategy of investing in a bank account.
Standardising the performance metrics in this way leads to more comparable
results and more hence meaningful conclusions.
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2. Standard Deviation
The average excess returns metric gives an indication of the average perfor-
mance achievable by a trading strategy, but it does not give an indication of
the riskiness of the trading strategy. For this purpose the standard deviation
of the series of excess returns is used.
Trading strategies would all not possess the same type of risk. A strategy
yielding higher average excess returns but that possessed a lot more risk
could be judged inferior depending on risk appetite of the practitioner. For
the various trading strategies the standard deviation of the excess returns is
presented to give an indication of how the riskiness of the strategy varies
across the set of results.
The standard deviation’s value, in terms of how much information it con-
veys, is a function of the underlying distribution. If the excess returns are
normally distributed more value will be taken from this statistic than if the
underlying distribution follows some sort of non-symmetric, more strangely
shaped distribution. Regardless of these facts there is a still a degree of value
that is taken from the statistic as it speaks of how sparsely distributed the ex-
cess returns are and hence presents an indication of how risky the respective
strategy is.
3. Average Trades Per Year
Regardless of the levels risk and expected excess returns form a strategy,
trading opportunities could present themselves too infrequently to warrant a
strategy’s use. With this in mind the last metric of performance is defined as
the average number of trades per year that a specific strategy presents when
back tested on the historical dataset.
A strategy that has superior average excess returns, but only presents itself
once a year would be judged inferior to one that yielded slightly lower aver-
age excess returns but presented itself far more often. Average trades per year
quantifies this difference and is therefore a valuable metric when comparing
the various trading strategies.
The three fundamental comparison metrics are now defined and so the evalua-
tion methodology can be described before the results are presented.
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4.2 Evaluation Methodology
The three primary performance metrics, defined above, are the foundations on
which the trading strategies performances are assessed. A desirable trading strat-
egy has high average excess returns as well as trades per year for the lowest possi-
ble amount of risk.
4.2.1 Evaluation of Absolute Trading Strategies
The evaluation of the absolute trading strategies is straight forward. For each
method of Bollinger Band construction the strategy is run along all 10 bonds, at
various confidence bounds, and the results combined to represent the complete
set of results for the absolute trading trading strategies. Long only and short only
strategies are tested separately with the results for the three performance metrics
presented graphically. Results of the evaluation are found in the first section of the
results chapter.
4.2.2 Evaluation of Relative Trading Strategies
Evaluation of the relative trading strategies is done a little differently. The results
are grouped by the number of bonds within the linear combinations. This is prefer-
able as the costs and limitations associated with taking positions in the same num-
ber of multiple bonds would be similar as previously explained.
The categories into which the results are grouped are labelledC2, C3, C4...., C10
which represent the collections of the net price series containing linear combina-
tions of two, three, four all the way up to 10 component bonds respectively.
Care is also taken, within the relative trading back testing, to not use the same
historical data to obtain the cointergration factors and perform the back testing
as is previously described in the relative trading back testing section, within this
chapter.
4.2.3 Summary of Dissertation Testing Methodology
The testing methodology is briefly summarised below, before the final results are
presented.
1. Indicator Selection - The indicator time series, around which the trading
bands are constructed, is selected. Either single or linear combinations of
historical corrected all-in prices are used.
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2. Bollinger Band Construction - The Bollinger Bands are constructed and the
rules set up for the buy and sell signals associated with breaches in the bands.
In long strategies a long position is entered into when the lower band is
breached and the position closed out when the mean band is crossed. For
short strategies a short position is entered into when the upper band is breached
and the position is closed out when the mean band is crossed.
3. Back Testing - The strategies are back tested on the historical time series of
the selected indicators. In the case of relative trading, the historical time series
is split in half. The first half is used to compute the factors for the linear
combinations. The second half is used for back testing to keep the results
realistic.
4. Evaluate Performance - The three performance metrics are computed and
presented in order to adjourn whether value-add is achieved achieved form
the respective trading strategies and identify which have shown the greatest
potential for further study and possible implementation.
Chapter 5
Results and Discussion
In this chapter the results of the dissertation are presented within their respective
categories. First absolute trading strategy results are looked into, followed by the
results of the cointegration analysis. The relative trading results are then presented
together with results pertaining to the effect the price series variation has on the
performance of the cointegration based relative trading strategies.
5.1 Absolute Trading Strategies
The absolute trading strategies involve using the individual corrected all-in prices
for the bonds as the indicator time series for the trading signals, as the bonds are
simulated to be traded one at a time.
5.1.1 Long Only Trading
The long only results, for the absolute trading simulations, are from the trading
strategies that trigger a buy signal when the indicator breaks the lower Bollinger
Band and then trigger a sell signal when the indicator crosses the running mean.
Initial results for the long only trading strategy show very low average excess
returns across all three methods of Bollinger Band construction, as seen in Figure
5.1. This metric is seen starting in the negative and ending off slightly in the pos-
itive at the higher confidence bounds. In general the results don’t come close to
breaking the 0.5% return over the risk free rate. The trading costs are also not in-
cluded and so from a average returns perspective, this trading strategy performs
poorly.
The standard deviation gives an indication of how dispersed the excess returns
achieved in the trades are. The relatively low standard deviations of around 2 to
2.5%, as seen in Figure 5.2, across the spectrum of confidence bounds indicates that
there is a low chance of making large gains (or losses) on individual trades too. If
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Fig. 5.1: The average excess returns for the long only strategy.
Fig. 5.2: The standard deviation of the excess returns for the long only trading strat-
egy.
one examines Figure 3.2 and observes the small relative changes in the stand alone
bond time series the low standard deviation levels achieved make sense.
Further damning evidence that this strategy is not worth pursuing is the low
number of trading opportunities presenting themselves per year. Expectedly in
Figure 5.3 the number of opportunities taper off slowly as we increase the confi-
5.1 Absolute Trading Strategies 26
Fig. 5.3: The average trades per year for the long only trading strategy.
dence bound of the Bollinger Bands. In this metric of performance a notable dis-
tinction between the methods of band construction is observed, with the standard
Bollinger Bands clearly the better performer especially as the higher levels of the
confidence bounds are reached.
A breakdown of the empirical method of band construction at the 90% confi-
dence bound is apparent, due to the nature of the pmf method, whereby it does not
have continuous long tails. Due to there only being 20 data points in the sample,
and the current value being included in the sample, the Bollinger Bands are con-
structed so that they take on a value that is outside the range of the input sample.
As this method uses a pmf generated from this sample the probability of breaching
the bands becomes effectively zero and the number of trades goes to zero as seen
in Figure 5.3.
In general the two attempts to improve the Bollinger Bands (Empirical and Ker-
nel) have little effect on the results achieved in the average excess returns and stan-
dard deviations metric and lead to worse results in the trade frequency metric, with
less opportunities presenting themselves due only to the method of band construc-
tion.
The set of results advocates the use of the standard Bollinger Bands as the pre-
ferred method of constructing the bands as the other provide no improvement. It
is also clear form the poor results that the long only absolute trading strategy does
not perform well and no value-add is achieved.
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5.1.2 Short Only Trading
The short only results for the absolute trading simulations, are from the trading
strategies that triggers a short sell signal when the indicator breaks the upper Bollinger
Band and then triggers a signal to close out the position when the indicator crosses
the running mean.
Fig. 5.4: The average excess returns for the short only strategy.
Fig. 5.5: The standard deviation of the excess returns for the long only strategy.
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Fig. 5.6: The average trades per year for the long only strategy.
The results for the short only strategy average returns show poor levels are
achieved as seen in Figure 5.4. Losses of around the 0.5% level are seen throughout
the different confidence bounds.
The lower average excess returns achieved by the short strategy in comparison
to the previous long only returns can be explained by the general upward trend of
the bonds corrected all-in price series as is clear from Figure 2.1. In the short only
strategy positive returns are made on downward movements in the price and thus
a general upward trend is detrimental to the averaged effectiveness of the strategy
over the long run.
Standard deviations remain at similar levels to the long only strategy as seen in
Figure 5.5. Little in the way of deviation is observed as one moves across different
confidence bounds again suggesting that even for the more risk prone investor this
is a poor trading strategy.
The average trades per year are similarly in line with the previous results. In
this metric the different band construction methods deviate the most, however the
difference is not large enough to indicate notably better performance.
Overall the short only strategy shows worse performance than the long only
strategy, which has already been shown to be poor.
Little value is again derived from the different methods of Bollinger Band con-
struction, as seen by the closeness in the proximity of the results.
In terms of both sets of results pertaining to absolute trading strategies none
indicate that there is any value-add achieved when trading in single bonds.
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Having shown absolute trading of the bonds to be fruitless attention is turned
to relative trading and the field of cointegration to generate a new set of trading
strategies. The innovated methods of band construction are shown to not be ef-
fective at improving performance and hence are not used in the relative trading
strategies sections to come.
5.2 Relative Trading Strategies
The relative trading strategies involve using linear combinations of the corrected
all-in prices of the bonds as the indicator time series. Trading positions in multiple
bonds is equivalent to this.
Before moving onto the results for the relative trading strategies the results for
the analysis of the prevalence of cointegration within the 10 bonds are presented.
Greater value will be taken out of the coming results as a consequence of this, as it
highlights issues around the sample sizes of the tested data and the number of time
series tested within each grouped collection.
5.2.1 Cointegration Analysis
The cointegration analysis across all possible bond combinations returns very pos-
itive results. As is shown in Figure 5.7, the high number of co-integration combi-
nations, represented by the blue portion of the bars, indicates that there are many
combinations of assets that pass the test and are used within the relative trading
simulations.
The prevalence of cointegration as a percentage (indicated by the length of the
blue bars in relation to the red bars) increases as the number of component bonds
increases. The increase is expected as the likelihood of finding a cointegrated com-
bination given two assets will be less than the likelihood of finding a cointegrated
combination of more bonds with the same two assets included.
As the prevalence of cointegration increases as a percentage the net number of
positive results obtained starts to decrease after the C5 mark due the net number
of possible combinations decreasing. For this reason the most positive results ob-
tained are in the C5 and C6 categories, before the diminishing effect starts to be
become significant.
The combinations discovered, represented by the blue regions within the graph,
serve as the data set of historical price series with which the relative strategies are
tested. As they have passed the test the series have the desirable property of sta-
tionarity and thus the application of the Bollinger Bands is more accurate.
5.2 Relative Trading Strategies 30
Fig. 5.7: Results of the cointegration analysis across all possible combinations of
bonds
It is important to understand the two main factors affecting sample sizes within
the collections of bonds that will be tested.
Firstly, as seen in Figure 5.7 the number of testable time series in each cate-
gory varies and thus the number of trades executed is affected. For example, it
is expected that more trades will be entered into within the C3 category than the
C2 category because the strategies are run along 27 historical time series in the C3
category as oppose to the far smaller number of 8 historical time series in the C2
category.
The second factor has to do with the actual length of the tested time series.
As seen in Figure 2.1 the lengths of the individual bonds historical corrected all-in
prices vary significantly. When combining the bonds in linear combinations there
needs to be a price for each common day. For this reason the strategies are limited to
only run along the time period of the shortest price series within the combinations,
greatly affecting the number of trades executed and hence the size of the sample
from which the performance metrics are generated. It is expected that the cate-
gories with the higher number of component bonds are more likely to be shorter
than the categories with a lower number due to the fact that there is a higher prob-
ability that the higher number of component bond categories will have a shorter
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testable historical length.
With the aforementioned limitations better understood, the results of the rela-
tive trading strategies applied on the cointegrated time series are now presented.
5.2.2 Long only strategies
The long only strategy for the relative trading results, are from the trading strat-
egy that triggers a signal to go long the net position when the indicator breaks the
lower Bollinger Band and then triggers a signal to close out the position when the
indicator crosses the running mean.
Fig. 5.8: The average excess returns of the long only strategy.
In this set of trading strategies the application of the Bollinger Bands is more
rigorous. The stationarity assumption is discarded as price series are chosen for
the reason that they are stationary through the process described in the previous
section. The positive effects of being more mathematically accurate are immedi-
ately evident in the results that follow.
Promising results are achieved in the average excess returns generated. All the
average excess returns remain positive at all tested confidence bounds with many
showing very positive values upwards of 6%. One of the more notable features
Figure 5.8 shows is the clear distinction between excess returns generated from the
series containing a lower number of component bonds (2-7) and those containing
a higher number of component bonds(8-10). The former achieving decent average
excess returns mostly upward of 6% and the latter remaining statically in the 0-3%
region.
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Fig. 5.9: The standard deviation of the long only strategy.
Fig. 5.10: The average trades per year of the long only strategy.
Within the better performing groups there is a notable increase in performance
as the confidence interval becomes larger. The positive increase is offset by a de-
crees in trade frequency as seen in Figure 5.10.
In the markets it is expected that higher returns are accompanied by greater risk
and in the results this too is prevalent. The standard deviation of the excess returns
achieved on the combinations with higher average excess returns is notably higher
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and vice versa for the worse performing collections, as shown in Figure 5.9. Within
the collections that achieve higher returns there is a great deal of difference within
the standard deviations achieved on the tested trades.
The levels reached within the standard deviation metric are far larger than those
achieved within the absolute trading strategies. Understanding the significant dif-
ferences between the sets of results is made easier with the aid of Figure 3.2. In the
Figure the relative changes in the corrected all-in price of the cointegrated series
are far larger than the relative changes in the equivalent series for the individual
bonds. It is this difference that leads to the vast differences between the sets of
results.
A more desirable trading strategy is one with higher average excess returns for
lower risk (standard deviation). An example of this is the collection of 7 bonds (C7)
which generally achieves lower returns of the better performing collection but pos-
sess the highest standard deviation. The C7 collection would be adjourned inferior
to the collection of three bonds (C3) which achieves some of the higher returns and
lower standard deviations of the set of better performing bonds.
A practitioner with a lower risk appetite could even be pleased with the lower
positive returns offered by the series containing more bonds for the much lower
levels of risk indicated for these results. It must be noted that these combinations
are the sets of price series least realistically achieved as they require positions to be
held in certain proportions for a large selection of bonds, a hard trade portfolio to
get into and potentially also get out of. The attractiveness of the high component
strategies is significantly reduced because of the aforementioned points, making it
hard to justify the low average excess returns they offer.
Referring specifically to the average trades per year metric, a fairly consistent
performance across all grouped collections is apparent from when Figure 5.10 is
examined. The exception to this would be the collection of corrected all-in prices
comprised of ten bonds which, as shown by Figure 5.7, contains only one price
series and short time series length due to the reasons described in the previous
sections pertaining to restrictions of the series length based on minimum length
of the comprising bonds. The sample size is hence significantly lower and so less
reliable results for this specific combination are achieved.
The average trades per year frequency metric indicates that, when compared
to the absolute trading results, more trading opportunities present themselves. As
seen in Figure 5.10 it is clear that the levels of average trades per year are superior to
the results displayed in Figures 5.3 and 5.6. The results are better than the previous
however, they still indicate that there are very few opportunities per year, with
Figure 5.10 showing that at best it is expected that around 10 or 11 signals to trade
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present themselves in a year.
The mostly promising results of the long only strategies have been presented
and so focus is now moved to the short only trading strategies results.
5.2.3 Short only strategies
Fig. 5.11: The average excess returns of the short only strategy.
Fig. 5.12: The standard deviation of the short only strategy.
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Fig. 5.13: The average trades per year of the short only strategy.
Before the results of the short only trading simulations are unpacked it should
be understood that, in the context of cointegratated linear combinations, long only
strategies and short only strategies are technically the same thing as the combi-
nation of bonds that comprise the cointegrated series can contain long and short
positions. A short only strategy is equivalent to a long only strategy at the same
confidence bound, with the weighting factors in the cointegrated series being mul-
tiplied by -1. The reflected cointegrated time series that this results in is also sta-
tionary. For this reason it is expect that very similar results are achieved and this is
indeed what the results show.
The average excess returns follow the same trends and achieve roughly the
same positive results. An exception of this is the combination of two bond category
which sees a notable improvement over the long only strategies. The difference in
results in this category could be explained by the smaller sample size associated
with this category leaving more room for variation in achieved results.
It is seen again that the results for the series containing the higher number of
component bonds achieves far lower average excess returns than the rest, coupled
again with a lower level of risk.
Moving focus to the risk metric of standard deviation, the trend of higher risk
for greater average excess returns is again present. The levels are also similar, hov-
ering predominately in the 30 - 60% range. Factoring risk into the performance the
results show again that C3 shows very desirable levels by obtaining high average
excess returns for a lower level of standard deviation when compared to the other
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high return series. A similar line of reasoning can be followed when determining
the relative performance of the other categories and the results are fairly consistent
with the ones achieved in the previous section.
The average trades per year’s effect in the comparison is again marginal as all
the tested time series again achieve very similar levels at all confidence bounds, bar-
ring the C10 series, which is plagued by a much lower sample size for previously
stated reasons. The levels achieved are almost identical to the long only relative
strategies as expected, showing that a lot more opportunities present themselves
with the constructed time series when compared to the absolute trading strategies
relying on the individual bond time series.
The mostly positive results indicate that there could be value-add within in the
bond market within the cointegration based relative trading strategies. Relatively
large average returns are the primary reason for this. The positive results in this
metric are however dampened by the low number of potential opportunities the
average trades per year metric suggests would arise.
In both sets of results for the relative trading strategies it is apparent that the
combinations containing less bonds do better. The reason for this could be due to
the better performing historical price series generally have higher variation when
compared to price series comprised of larger numbers of bonds. Higher variation
would lead to larger swings in the position values causing higher average excess
returns. The relationship between higher excess returns and time series variation
is explored next.
5.2.4 Variation analysis
As the trading strategies within the cointegrated time series centre around large
moves in the time series, either up or down, that subsequently are followed by a
return to previous levels it is expected that a stationary time series with greater
standard deviation will produce, on average, higher returns. The higher standard
deviation indicates there are more correcting large moves, or that they are of a
greater magnitude. Figure 5.14 corroborates this sentiment below.
It is important to note the distinction between the standard deviation being
plotted in Figure 5.14 and the ones plotted in the results of the trading strategy.
Plotted on the y-axis of Figure 5.14 is the standard deviation of the actual time
series instead of the standard deviation of the excess returns of the trades on the
time series, as was previously seen in figures.
The first notable trend that is apparent is the general decrease in variation going
from categories with less component bonds to those with higher component bonds
with the exception of the C2 and C10 categories. The two mentioned categories
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Fig. 5.14: The average standard deviation of the tested time series. The solid lines
represent the average excess returns results for the 85% confidence inter-
val.
however suffer from far lower sample sizes and hence the results pertaining to
them are less accurate as has been previously explained.
The decreasing trend is also apparent within the average excess returns dis-
played in the previous sections. A sample cross section of the average returns at
the 85% confidence level is overlayed to greater highlight the trend that persists
throughout the results at the different confidence levels.
In the previous sections certain collections were highlighted within the higher
performing set. The collection of three bonds (C3) was an example of one of the
time series collections which has some of the best results. Figure 5.14 shows that
this particular this collection has the highest standard deviation.
The series that generated the lower returns comprising 8 to 10 bonds are seen
to possess the least variation of the results, further corroborating the notion that
stationary series with higher variation produce better results.




Through the back testing of various trading strategies the dissertation has shown
that under strong liquidity assumptions there are technical analysis based trading
strategies that show enough promise to be tested within the markets. The promis-
ing strategies centre around generated cointegrated linear combinations of bonds,
specifically combinations comprising of a lower net number of unique bonds.
The two attempts to apply more accuracy to the technical analysis based Bollinger
Band trading strategies have vastly different results.
In terms of the Bollinger Band construction methods, through the various re-
sults presented in the figures it is clear that of the three explored methods, none
seemed to be constantly better. The pmf method however has flaws with the se-
lected sample size of 20 at higher confidence bounds. The kernel and Bollinger
methods seem to be superior in this regard however, overall in band construction
there is no value-add in the attempts to construct them more accurately.
The attempts to apply the Bollinger Bands to more appropriate stationary time
series through cointegration did yield more positive results. In generating new
price series, by taking linear combinations of the bonds, significantly improved
results are found within the three performance metrics. Average excess returns of
over 10% are consistently achieved showing that this area of technical analysis has
potential within the JSE bond market and that being more mathematically accurate,
through enforcing stationarity in the price series, yields better results.
The positive results were further analysed and a link between high variation
stationary series and better trading simulation results was explored. The results,
shown in Figure 5.14 indicate that, when implementing the cointergration based
Bollinger Band trading strategies, the best results are achieved when dealing with
the higher variation price series. The result shows that when searching market
data for potential cointergrated series to trade on, variation should be of particular
importance.
The liquidity assumptions within the bond market are particularly strong. Hav-
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ing spent some time on the trading floor in a bank it is evident that during many
periods liquidity completely dries up in many of the government bonds within the
data set. It is also not often possible to trade in the exact proportions of each bond
in order to achieve the stationary combinations the promising trading strategies
require.
With the aforementioned considerations in mind there is still room for practical
testing of the promising strategies in the market with small nationals, as well as the
possibility of exploring other more liquidly traded asset classes for cointegration
based trading opportunities using the insights gained in this dissertation.
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